Demand for product characteristics is examined within the context of models that allow for both corner and interior solutions corresponding to zero and non-zero demand. Product attribute information is associated with marginal utility and curvature (satiation) parameters of various utility functions. Empirical applications demonstrate the need for incorporating characteristics in a fairly general way. We also compare our approach to an ideal point and pure Lancasterian versions of our nonlinear utility model. The data support our model over either the ideal point or Lancasterian variants.
Introduction
The profusion of disaggregate data on consumer demand obtained either from market place observation or surveys has simulated a great deal of work on models with discrete components. Multinomial choice models have been, by far, the most popular models used with disaggregate data. However, these choice models ignore the quantity aspects of demand and can only be applied to sets of goods for which demand is mutually exclusive, i.e. only one good is purchased on each occasion. Consumers are often observed to purchase or select multiple goods on the same occasion while revealing a demand of zero for the vast majority of the available offerings. This data requires a model with a mixture of corner and interior solutions. We may also require that our model be derived from a valid utility function to facilitate policy analysis. Kim et al (2002) offered a utility-based model of demand along with a practical method of conducting likelihood-based inference for this model. However, the simple model in Kim et al is lacking several important features. In marketing applications, there are typically a very large number of product offerings with a wide variety of product attributes.
In order to make policy statements about optimal product assortment or design of new products, it is important to allow for product characteristics or attributes to enter the utility function. The purpose of this paper is to consider a number of extensions of the Kim et al model of demand to incorporate product attribute information. As the basic utility model is nonlinear and allows for satiation or diminishing marginal utility, we will have several different ways of incorporating product attributes -both to influence the level of marginal utility afforded by a product offering as well as to influence the rate of satiation.
Once product characteristics are considered as drivers of utility, it is natural to consider a characteristics approach to demand such as that offered by Lancaster (1966) (see also Berry and Pakes 2002) . In the Lancasterian approach, demand is defined over the level of characteristics provided by a given bundle of demanded products, rather than over the products themselves. In the characteristics space, we should not always assume that marginal utility is strictly increasing (decreasing) in characteristics and might consider the "ideal point" alternative in which consumers have an ideal level of product characteristics, any deviation from which will result in lower utility. We compare our extended model of demand with the ideal point and Lancasterian approaches. Kim et al (2002) consider the demand for different varieties of yogurt for which the set of characteristics is at least as large as the number of product offerings. In this paper, we consider two other data sets which have products with well-defined characteristics. We have created a data set of demand for various salty snacks via field experimentation and also report on results using "volumetric" conjoint data in which respondents not only choose between alternative offerings but indicate the quantity demanded. These new datasets illustrate the importance of the model extensions. We find that variants of our extended model outperform various ideal point and Lancasterian specifications. Using the conjoint data, we compare our utility-based approach to a reduced form Poisson regression and find that our approach has superior predictive performance.
The Demand Model and Alternative Parameterizations
The standard choice model is derived from a linear utility specification. The linear utility specification gives rise to a corner solution in which only one product is purchased on any one purchase occasion. In some cases, an outside alternative, or "no purchase" option, is included to allow for consumers to have a base or reference level of utility. This model assumes that all products are perfect substitutes, and results in one alternative with non-zero demand.
The "multiple discreteness" phenomena in which two or more (but not all) product offerings are purchased reveals that the product offerings are not viewed as perfect substitutes. We can relax the assumption of perfect substitutability by allowing the utility function to be additive but nonlinear, ( ) ( ) assumes that all products are substitutes but the extent of this substitutability may vary across different pairs of offerings. In addition, the non-linearity gives rise to satiation or diminishing marginal utility. It is entirely possible that different products have differing rates of satiation. In models with the outside good, we clearly will need this possibility. The rate of satiation for the composite outside good is almost certainly lower than the inside goods, and in some cases a reasonable approximation might be that the outside good has constant marginal utility. Here, we do not consider models which allow for complementarity (see Genskow (2005) ) as most disaggregate data is available on classes of products which are substitutes.
Standard non-linear utility specifications often result in strictly interior solutions in which all goods are demanded. While this might be appropriate for broad classes of goods such as food and housing, it is not appropriate for disaggregate demand modeling. In order to achieve the possibility of corner solutions, we translate the utility function so that marginal utility is finite at the axes. Perhaps, the simplest model which can exhibit a mixture of corner and interior solutions as well as satiation is the model of Kim et al (2002) ( ) ( )
This utility function is valid if ψ j >0 and 0 < α j ≤ 1. The { } j γ parameters serve to translate the utility function. Typically, these parameters are not estimated but are set to 1 for identification reasons. Henceforth, we will use the value of 1 for these parameters. The marginal utility for the jth product is given by
(2) shows that both ψ and α influence marginal utility. However, we often think of the ψ parameters as influencing the "baseline" level of marginal utility, in the sense of scaling the profile of marginal utility up or down. The α parameter governs the rate of satiation. We note that we could reparameterize this model as
as in Rossi et al (2005) . The advantage of this parameterization is that the baseline level of marginal utility is uniquely associated with β j while satiation is uniquely associated with δ j .
We show below that this parameterization is useful for studying the effects of product characteristics on satiation while holding constant the baseline utility.
With a large number of products, the utility function in (1) may be overparameterized with different baseline utility parameters and satiation parameters for each product. It would seem natural then to project these parameters on to product attributes or characteristics. The proliferation of parameters problem is made even worse if one allows for individual specific consumer parameters. For most data sets, we will not be able to estimate a model in which all the parameters in (1) are consumer and product specific. Some judgment will have to be exercised in the utility parameterization. We can use model comparison methods to choose between alternative parameterizations, but it is naïve to expect that we will be able to estimate the full model with consumer specific parameters.
In linear utility (choice) models, it is a common practice to introduce productspecific intercepts. In situations with a large number of products, product attributes can be introduced instead of these intercepts (e.g. Fader and Hardie 1996; Berry, Levinsohn, and Pakes 1995) to produce a more parsimonious model. Underlying this practice is a fundamental issue of how to view the space over which utility is defined. One view is that the space is of finite dimension that does not increase with the number of products.
Product offerings are defined by their location in characteristics space. In this world, there are no truly new products in the sense of products which include a new attribute valued by consumers. "New" products are simply different points in the characteristic space. As the number of products increases, this space becomes more densely packed with products, increasing the average level of product substitutability. This is a reasonable view for product categories where offerings are very similar and differ in terms of simple repackaging and slight enhancements.
An opposing view holds that product offerings are relatively unique and not well described by a low-dimensional space of attributes. That is, the dimension of the characteristics space is so much greater than the number of offerings that it is pointless to try to represent offerings in terms of their characteristics. This view is consistent with the notion that product attributes interact to produce a unique taste, or feel, that cannot be easily
replicated. An implication of this view is that new products can be introduced that have attributes not available in existing products, and that these products create new sources of demand as they satisfy unmet consumer needs.
The challenge in comparing these views is that they cannot exist simultaneously. It is not possible to hold the view that a consumer's preference for an offering has both unique and common (attribute-related) components without restricting the nature of the unique component. If left unrestricted, the unique component saturates, or spans, the space of offerings and no additional preference information is available to understand the common component. This is similar to attempting to estimate both observation-specific intercepts and slope coefficients in a linear model. Assumptions used to identify such analysis may involve requiring the unique and common spaces to be orthogonal to each other, or that the unique component be restricted to be the same across consumers (e.g. BLP). In the analysis reported below, we investigate various projections of product offerings onto the characteristics space. We compare the fit of these characteristics-based models with models that have separate utility parameters for each product offering. Clearly, the more flexible models that do not project on characteristics space will have better in-sample fit. Thus, a critical issue we investigate is the degree to which various projections of the offerings onto the characteristics space degrades the fit of the model.
Introducing Product Characteristics
The logical approach to study the role of product attributes is to relate them to the baseline utility parameters in equation (1) (note that consumer characteristics are not entered directly into the utility function but, instead can be used to drive the heterogeneity distribution). Since the baseline utility parameters must be constrained to be positive, we relate the log of the baseline parameters to characteristics.
( )
Here there are K characteristics and j,k c is the level of characteristic k in product offering j. ( ) ( ) ( )
The problem with either the ideal point (5) or quadratic (6) forms is that they introduce a large number of parameters. The advantage is that the dimension of the parameter space is fixed at the number of characteristics and not the number of products.
While making the baseline utility parameters a function of characteristics is a natural extension of the characteristics models in the linear utility literature, characteristics might also influence the rate of satiation parameters. For example, different types of product packaging may facilitate higher rates of consumption or easy of storage as in beverage categories where large bottles are available along with packages of smaller containers such as six-packs. Certain combinations of product attributes may facilitate alternative uses of the product and this might induce a demand for larger quantities. For example, plain yogurt can be consumed directly or used in food preparation. Thus, for some applications, we will want to drive the satiation parameters as a function of product characteristics. The satiation parameters are identified by the quantity decision conditional on choice so that projecting the satiation parameters on a smaller set of characteristics can help identify these parameters, particularly in situations with a large number of product offerings. We can relate the logodds transform of the satiation parameters to product characteristics.
The Lancasterian Approach
As demonstrated above, it is straightforward to project the utility function parameters onto the observed characteristics of products. If the characteristics space is small and unchanging, this may prove to be a useful simplification. The Lancaster approach is even more restricted. Utility is only defined over the total amount of each characteristic obtained by the purchase of a bundle of goods. In linear utility models, the Lancaster approach is equivalent to simply projecting product intercepts on product characteristics. However, with non-linear models, the Lancasterian approach requires a different formulation of the utility structure as utility depends only on the aggregate quantities of characteristics consumed. We can write a variant of the Lancaster model using our translated power utility function.
Define W as a K x J matrix with k,j w giving the level of characteristic k provided by product offering j. The total amount of characteristics obtained by a vector x of products is z = Wx.
We can define utility over z using our specification to obtain a "Lancasterian" formulation of our model. (8) is fundamentally a different model than our direct utility applied to product consumption and with the baseline or satiation parameters projected onto characteristics (as in (4) or (7)). Clearly, if there are interactions between characteristics the model in (8) may not be adequate. In our empirical analysis, we consider the demand for salty snacks such as potato chips or Doritos. Here there may be an interaction between cheese flavor and saltiness not captured in the additive model in (8) . Although the basic model in (1) is additive in consumption of the products it is not additive in characteristics. In many product categories, the essence of product design will include consideration of interactions between characteristics or ideal points. Chan (2003) applies a model similar to (8) to data on purchase of soft drinks.
Statistical Specification and Estimation
Since disaggregate data is most often available as a panel of cross-sectional units observed over time, we formulate our statistical specification in two parts: 1. the "within" unit likelihood function and 2. a model of heterogeneity or "across" unit variation in parameters. This is what is termed a hierarchical model (for further discussion see chapter 5 of Rossi et al (2005) ). This joint model is estimated using a hybrid MCMC method.
Within Unit Likelihood
The likelihood for a given consumer's set of demands is derived by assuming a joint distribution for the vector of shocks to marginal utility for each product offering. These errors can be viewed as omitted characteristics influencing the marginal utility of each product offering. Some, c.f. BLP, recognize that there are unobserved characteristics that might influence demand and incorporate a uni-dimensional unobserved characteristic into linear utility specifications. It is our view that unobserved (or non-measured) characteristics are very unlikely to be uni-dimensional (e.g. some sort of quality differentiation between products) are much more likely to be high dimensional and therefore may require a correlated distribution of marginal utility errors.
We employ a likelihood based method rather than a non-likelihood-based method such a method of moments as it facilitates inference regarding of individual unit level demand parameters as well as common or "population" parameters. In addition, a likelihood-based approach has the advantage of imposing a relatively strict discipline in the sense that we rule out models with zero likelihood. For example, we could apply a standard multinomial model of product choice using a method of moments estimation technique, even though this model has zero likelihood for any dataset which contains a vector of demand with two or more non-zero elements. We do recognize that our particular parmeterization of utility may not be correctly specified. For this reason, we engage in extensive comparisons of alternative formulations in our empirical work. We believe that this, at least to some degree, insulates us from model specification.
Our approach to deriving the likelihood is to use the Kuhn-Tucker conditions from the utility maximization problem to derive the distribution of quantity demanded. We only briefly summarize our approach, for details see Kim et al (2002) . The Kuhn-Tucker conditions from maximimization of (1) w.r.t the standard budget constraint are:
where λ is a Lagrange multiplier. We introduce a multiplicative error (ε) into the expression for the marginal utility in a manner similar to that encountered in discrete choice models:
Rearranging terms and taking logs of both sides gives:
where
Equations (11) and (12) are similar to those encountered with standard choice models. The term, V j , is the log of marginal utility divided by price. In a traditional discrete choice model, log marginal utility is assumed constant and does not depend on the quantity demanded. In our model, the marginal utility depends on quantity because of the parameter, α.
Our goal is to derive the distribution of observed demand, x*. This is done by assuming an error distribution for ε and employing the Kuhn-Tucker conditions in equations (11) and (12) to obtain the distribution of x* using change-of-variable calculus. In our analysis and model development, we assume that ε is normally distributed. The presence of the budgetary constraint introduces a singularity in mapping from ε to x* because the observed demand multiplied by price must add up to the budget amount, p'x = y. Hence the dimension of x* is one less than the dimension of ε. Without loss of generality, we re-label the alternatives such that the zero th alternative, formally the outside good, is always chosen, and consider the Kuhn-Tucker conditions for the mapping h j (x*,p) = V 0 -V j for j=1,..,J:
where ν j = ε j -ε 0 . The likelihood function of the data is a mixture of density ordinates (equation 13) and point masses (equation 14) corresponding to nonzero and zero demand, respectively. Assuming that the first n of J alternatives, in addition to the zero th alternative, has non zero demand:
( ) * * i j P x 0 and x 0; i 1,...,n and j n 1,...,
..,h ,ν ,...,ν dν dν
where ( ) φ ⋅ is normal density, ( )
h h x ;p = , Ω is the covariance matrix of the differenced errors with element ε j -ε 0 , and J is the Jacobian of the transformation from ε j -ε 0 to x*:
The likelihood for the Lancasterian model in (8) can be derived in a similar fashion.
However, the Jacobian elements for the products that have positive demand are different and given by
We emphasize that the Kuhn-Tucker are written in the offering space, not the characteristics space, relating observed demand (x*) and observed prices (p) to primitive error assumptions (ε) through the first order conditions. One could consider a version of the Lancasterian model that would assume that the errors, or demand shocks, originate from the characteristics space, leading to first-order conditions with a more complicated latent density (φ) and regions of integration. The advantage of specifying the error distribution in the offering offering space is that it leads to a simpler likelihood specification involving observed prices and represents a less restrictive model in the sense that the error distribution is of higher dimension than the number of characteristics ( K < J).
Heterogeneity
We recognize that consumers have different preferences and these differences are not wellcaptured by observable consumer characteristics. For this reason, we employ a distribution of parameters across consumers in the panel. As mentioned above, even if we use a fairly standard distribution such as a joint normal distribution, we cannot hope to make all of the parameters in models (1), (4) - (7) vary across consumers. Our approach is to concentrate on a subset of parameters and make only this subset vary across consumers to achieve a compromise between flexibility and parsimony. In many, but not all situations, we view the curvature parameters (α) of the utility function as the most difficult to estimate as these require variation in the quantity purchased. For this reason, we will start by considering specifications in which either the baseline parameters are heterogeneous or the parameters relating characteristics to the baseline are heterogeneous.
Here h indexes the consumer. For the model (3) in which characteristics are related linearly to the log baseline parameters, ln C ψ = β , we use the model
For the ideal point model in (5), we make the ideal points vary across consumers
Empirical Applications
We will consider two different datasets to illustrate how characteristics information can be incorporated into our model. The first data set is the result of a field experiment in which subjects were observed to purchase different varieties of salty snacks. This category of products has well-defined characteristics which the manufacturer manipulates to create "new" products. In this application, we will compare variants of our model with ideal point and Lancasterian models. In the second application, we apply our methods to conjoint data on the demand for different packages of the same variety of a fruit drink. Since the product is the same across the offerings and only the packaging changes, this application emphasizes the importance of characteristics explaining satiation. An advantage of using these datasets to study the relationship between characteristics and demand is that confounding effects due to factors such as product price endogeneity, couponing and product stockouts are absent.
Application 1: Driving Baseline Utility with Product Characteristics
This data set was generated by a field experiment involving undergraduate students from a large Midwestern university. Students were screened for inclusion in the experiment if they reported that they frequently purchased offerings in the product category -salty snacks.
Each week, the students were allocated a $2.00 budget and asked to make purchases from among eight varieties of Doritos brand corn chips. The offerings were priced at $0.33, allowing the students to select up to 6 bags each week. The regular price of the corn chips was $0.99. The students were told that any unused budget allocation would be paid in cash at the end of the experiment. By offering the chips at reduced prices, we hoped to induce higher levels of consumption which might provide information about satiation. Students were instructed to purchase the chips for their own consumption, not for the consumption of others.
Product characteristic information was provided by the manufacturer of Doritos brand corn chips, Frito Lay. Table 1 displays a list of the offerings and associated characteristics. The characteristics are disguised for proprietary purposes, but reflect summary taste characteristics such as "citrus", "red pepper" and "treated corn" that are meaningful to the manufacturer.
The experiment was conducted over a seven-week period, resulting in a total of 634 observations for the 101 subjects. The data for each purchase occasion is comprised of a vector of purchase quantities of each of the eight Dorito corn chip varieties, and the quantity of the outside good that was set equal to the unspent budget allocation. with an expected demand of more than one package. The data indicate that there is no one dominant product offering or characteristic. The varieties with the highest and lowest incidence are both "Nacho Chessier", but differ in terms of their shape (flat versus 3-dimensional), indicating that preferences are related to the characteristics of the offerings. .
Five models were fit to the data. The first model serves as a benchmark and does not attempt to relate product characteristics to the parameter ψ in equation (1). Consumer heterogeneity is modeled with a random-effects specification on the ψ parameter. The remaining models specify ψ as a function of product characteristics. Since the number of characteristics (6) is less than the number of offerings (8), the fit of these models is expected to be worse than the first model which specifies ψ as unrestricted. Models 2 through 4 relate the product characteristics to the ψ parameter using (2), with heterogeneity of characteristic importance weights (β) as in (18). Model 2 allows for a unique curvature parameter, α, for each choice alternative. Model 3 restricts the curvature parameter to be the same for all alternatives, including the outside good. Model 4 allows α to be different for the outside good.
The fifth model relates ψ to the characteristics using an ideal point specification similar to (5) with α different for each choice alternative. The ideal point specification in (5) includes not only K ideal point parameters (θ) but also different weights for each deviation from the idea point. If the ideal points are consumer specific, then we already have introduced considerable flexibility into the model. To add the γ weights for each deviation would be asking too much from this data.
The log marginal density (Newton and Raftery 1994) for models 1-5 is reported in Moreover, assuming that the curvature parameter α is the same for all flavors, but different for the outside good, is preferred. As discussed below, this does not imply that the rate of satiation is identical for all brands. The rate of satiation is the second derivative of the utility function, which is a function of ψ (or β) and α. The mean of the random-effects distribution has both positive and negative elements. A positive element indicates that the majority of respondents in the survey prefer to have more of the characteristic than less, while a negative coefficient indicates that a majority would prefer to have less of the characteristic. The most favorable characteristic, on average, is C4 with a coefficient of 0.56, and the most disliked characteristic is C5 with a coefficient of -1.57. Heterogeneity around these mean levels is large, with some respondents favoring and some respondents disliking each of the characteristics. The most diverse preferences are for characteristic C3 with a variance of 2.55. In addition, there are a number of large negative covariances, with respondents favoring either C3 or C6 but not both, and either C4 or C5, but not both.
Our model of product characteristics, preference and satiation is useful for understanding the impact of changes in the levels of characteristics on expected demand quantities. These quantities are determined by the marginal utility consumers derive from the consumption of varieties relative to the marginal utility of consuming the outside good.
However, as shown in (2), both the ψ and α parameters influence marginal utility as well as the curvature of the utility function or the extent of diminishing returns. In order to facilitate interpretation of our model parameters, we explore the impact of changes in the level of characteristics on the marginal utility and compute the elasticity of demand with respect to each characteristic. An increase in the characteristics C2, C4 and C6 lead to increases in marginal utility and, consequently, demand for the varieties. An increase in characteristics C3 and C5 leads to a reduction in demand for nearly all the varieties offered. The exception is characteristic C3 for Jalapeno Cheddar 3D where the change in the gradient is positive, not negative.
Recall from table 4 that the mean of the random-effects distribution is positive for C2, C4
and C6, reflecting general preference for more of these characteristics in the sample. The mean for C3 and C5 is estimated to be negative, indicate that most respondents do not prefer more of the attribute. The results in table 5 illustrate that the log-linear relationship between the characteristics and the utility parameter ψ, when coupled with heterogeneity in preferences, results in a flexible model specification capable of representing a complex pattern of tastes.
We can also estimate the change in expected demand by comparing the quantity, x*, that maximizes consumer utility for various specifications of product characteristics. Table 6 reports the elasticity of demand with respect to each of the characteristics. The entries in the lead to large reductions in demand for all varieties, while an increase in the other characteristics leads to a nearly uniform increase in demand.
A Comparison to the Lancasterian Approach
As discussed in section 2, we can formulate a Lancasterian version of our model of demand by postulating utility over characteristics using our translated nonlinear utility function (8).
We use all characteristics except characteristic 1 (this is binary) in our Lancasterian variant. We accommodate consumer heterogeneity by specifying that the vector of baseline characteristic utility weights is distributed log-normally over consumers, Chan (2003) assumes that these parameters have a scalar covariance matrix and uses a method of moments estimation approach. The method of moments approach does not allow for comparison of alternative models as our Bayesian approach does. In addition, we can fit a full covariance structure at no greater computation cost than a scalar structure. dislike characteristic 5 while those who like 4 also tend to like 6. The assumption of a scalar covariance structure would be unreasonable for this data set.
Even though there is no natural way to nest the Lancasterian and our standard models, we can use marginal likelihood to compare non-nested models (see chapter 6, Rossi et al (2005)). The characteristics model has a marginal likelihood of -5426 showing that this model is nowhere in the ballpark of our other models which incorporate characteristics in the utility weights but do not specify utility over the level of a characteristic directly.
Application 2: Product Characteristics and Satiation
As noted above, product characteristics can drive either the baseline utility parameters or the satiation parameters. In some situations, the same basic product is packaged in different sizes and/or containers. In these situations, it may be useful to bring package characteristics into the satiation parameters. We now consider data from a conjoint survey in which consumers were asked to choose and indicate quantity demand from alternative product offerings of the same product (fruit juice) in different package sizes and forms.
We employ the alternative parameterization of our model (equation 3) to isolate the effects of packaging on satiation: ( ) ( ) j j j j j u x x 1 δ = β + . The β j coefficients are constrained to be equal across choice alternatives so that baseline preference is equal, and an outside good is introduced to allow for a no-purchase response by the respondent. The corresponding utility function is:
Here x 0 represents the outside good, α=1-δ, and we restrict ψ j =ψ=1 for j=1,…, J for identification purposes. We do not introduce separate ψ parameters for each of the inside goods as in our application, each inside good is the same juice product, simply packaged differently. As in (7), we allow package attributes to drive a log-odds transformation of the satiation parameters.
The data were obtained as part of a study by a beverage company seeking to identify optimal package configurations. The manufacture anticipated that the major retailer chains would allow access to sufficient shelf space so that two stock keeping units could be offered.
A survey was developed by the beverage company and administered to respondents from Baltimore, Chicago, Los Angeles and Florida, comprising a nationally representative sample (n = 289). Table 8 presents the packaging attributes under study, along with the dummy variable coding associated with the attribute-levels. The packaging attributes (and levels) are package type (can versus bottle), container volume (12 ounce, ½ liter, or 24 ounce) and package size (4 pack, 6 pack and 12 pack). An interesting issue in volumetric analysis is in determining the appropriate metric to measure volume, corresponding to the quantity "x" in equations (1) -(3) above. The quantity "x", for example, could refer to total fluid ounces, the number of containers, or the number of packages. If a respondent selects two 4-packs of 24 oz. bottles, quantity could be coded as 192 ounces, or 8 bottles, or 2 packages. A purpose of volumetric conjoint analysis, and conjoint analysis in general, is to identify the attribute-levels that lead to greatest utility and demand for an offering. Since the utility function in equation (20) is not linear in the parameters, the scale of observed demand will lead to different model fits and policy implications. The analysis presented below explores this issue with alternative models that interpret the observed demand data in different ways.
Each respondent was exposed to 17 choice scenarios comprised of two choice offerings and a no-buy option. For each scenario, the respondent instructions read "If you were at your grocery store and these were the only BRAND products available, READ A Not buying a beverage at this time.
The respondent was then asked to record the number of packages of A and B they would buy at this time, corresponding to the quantity demanded (x*). Across the 17 choice scenarios, eight different package configurations were investigated. Table 2 provides a list of the unique configurations of the packages. Price was varied across all the choice scenarios so that none of the product descriptions appeared twice.
The 4898 observations that comprise the dataset have the following characteristics.
Respondents selected the "no-purchase" option 20% of the time, and indicated that they wanted both offerings (A and B) 20% of the time. For those occasions in which at least two units were demanded, nearly 50% of the responses correspond to demand for both offerings A and B. Moreover, the reported demand for these multiple offerings is distributed both within and across respondents, involving all of the product configurations in table 9. Thus, packaging characteristics, i.e., type, container volume and package size, appear to play a significant role in consumer demand. For this reason, total number of fluid ounces is not sufficient to describe the attributes of the good demanded and we must allow for utility to be influenced by package type.
Three alternative model specifications are investigated, differing in terms of how demand (x) is measured. The models are summarized in table 10. Consider, for example, a respondent that reports that they want two 4-packs of 12 ounce cans. This response can be coded in terms of the total fluid ounces (96 oz.), the number of containers (eight) or the number of packages (two) demanded, associating the remaining characteristics (e.g., container size) with the rate of satiation (α). The first model, named "fluid", assumes that demand is measured in terms of the total fluid ounces contained in the packages (e.g., x = 96). The other characteristics of the offering are used as explanatory variables for satiation.
The second model, named "container", assumes that demand is measured in terms of number of containers (e.g., x = 8), and the third model, "package" measures demand in terms of the number of packages (e.g., x = 2). By measuring demand in these three ways,
we can check which conceptualization of volumetric response is most consistent with the responses in the survey. Reported on the right side of table 3 is the log marginal density, a Bayesian measure of model fit (Newton and Raftery 1994) . The fit statistic indicates that the package model fits the data best. Table 11 provides parameter estimates for the "package" model. Reported is the mean and covariance matrix of the distribution of heterogeneity. Posterior standard deviations are reported in parentheses. Positive parameter estimates of φ in equation (7) 
Conclusions
This paper presents evidence that product attributes are associated with baseline marginal utility and satiation, and that the manner in which these associations are modeled matters.
We find that the Lancastrian view of demand, where utility is related to the total level product characteristics in a given consumption bundle, is not supported in our analysis. The fit of the Lancaster model is inferior to that of models where characteristics are assumed to drive the parameters of the utility function directly. The log marginal density fit statistic is -5426 for the Lancaster model (equation 8) versus -3800 for the offerings-based utility models (equation 1 and table 3 ). This does not mean that projections on characteristics spaces are not a useful simplification of the model. We find that other models that project the baseline marginal utility parameter, ψ, onto the characteristics space as in equation (4) fit almost as well as the model with unique utility parameters for every product offering.
The results indicate that the Lancastrian model overly restricts the manner in which characteristics affect utility. If the space of attributes were small relative to the number of offerings, and there existed a sufficient proliferation of offerings so that consumers could find the attribute-combinations that matched their preferences, then the Lancaster model would perform well. However, as illustrated in table 1, the combination of varieties and characteristics available for purchase will typically be sparsely populated unless the number of attributes important in determining preference is small. Unfortunately, this condition is unlikely to be true in nearly any product category. In the salty snack category, for example, producers work with thousands of variables (e.g., ingredients, temperature and other aspects of the manufacturing process) that give offerings their unique tastes, and employ highly aggregative characteristics such as "spice" or "citrus" to summarize and discuss aspects of a product's formulation. It is doubtful, therefore, that the dimensions on which characteristics are defined can be accurately pre-specified by the data analyst.
Specifying baseline utility and satiation parameters as functions of attributes, as in equation (4) and (7), flexibly projects these parameters onto the characteristics space. In our analysis of salty snacks, the dimension of the attribute space (i.e., 6) was nearly equal to the dimension of the product space (i.e., 8), and the estimated coefficients (β) resulted in a fairly minimal degradation in the fit of the demand model. This cost is offset by the benefit of understanding the influence of changes in characteristics to consumer utility and expected demand (e.g., tables 5 and 6). -3820
; α j unique for each flavor.
-3905 1 Computed using the importance sampling method of Newton and Raftery (1994) 
